
Accepted manuscripts are peer-reviewed but have not been through the copyediting, formatting, or proofreading
process.

Copyright © 2018 the authors

This Accepted Manuscript has not been copyedited and formatted. The final version may differ from this version.

Research Articles: Behavioral/Cognitive

Pain related expectation and prediction error signals in the anterior insula
are not related to aversiveness

Sepideh Fazeli1 and Christian Büchel1

1Department of Systems Neuroscience, University Medical Center Hamburg-Eppendorf, Hamburg, Germany
20246

DOI: 10.1523/JNEUROSCI.0671-18.2018

Received: 14 March 2018

Revised: 23 May 2018

Accepted: 6 June 2018

Published: 22 June 2018

Author contributions: S.F. and C.B. designed research; S.F. performed research; S.F. analyzed data; S.F.
wrote the first draft of the paper; S.F. and C.B. edited the paper; S.F. and C.B. wrote the paper.

Conflict of Interest: The authors declare no competing financial interests.

This research was supported by the European Research Council (Advanced Grant ERC-2010-AdG_20100407)
and the Deutsche Forschungsgemeinschaft (Grant SFB 936 project A06). Authors are grateful to the University
of Minnesota Center for Magnetic Resonance Research for providing the image reconstruction algorithm for the
simultaneous multi-slice acquisitions. We thank Tor D Wager for sharing the NPS pattern. We also thank Jürgen
Finsterbusch, Katrin Bergholz, Kathrin Wendt, Waldemar Schwarz and Matthias Kerkemeyer for their valuable
assistance with data collection. S.F. is grateful to Bjoern Horing for his help on the NPS analysis, discussions
and his comments on the manuscript draft.

Corresponding author: Sepideh Fazeli, Department of Systems Neuroscience, University Medical Center
Hamburg-Eppendorf, Martinistrasse 52, Hamburg, Germany 20246. sfazeli@uke.de

Cite as: J. Neurosci ; 10.1523/JNEUROSCI.0671-18.2018

Alerts: Sign up at www.jneurosci.org/cgi/alerts to receive customized email alerts when the fully formatted
version of this article is published.



 

 

  1 

Pain related expectation and prediction error signals in the anterior insula are not related 2 
to aversiveness 3 

 Abbreviated title: Pain related expectation and prediction error signals in the anterior insula 4 
 5 
Sepideh Fazeli1) and Christian Büchel1) 6 
1) Department of Systems Neuroscience, University Medical Center Hamburg-Eppendorf, Hamburg, Germany 7 
20246 8 
 9 
Corresponding author: Sepideh Fazeli, Department of Systems Neuroscience, University Medical Center 10 
Hamburg-Eppendorf, Martinistrasse 52, Hamburg, Germany 20246. sfazeli@uke.de 11 

 12 
Number of pages: 31  13 
Number of figures: 7 14 
Number of tables: 3 15 
Number of words: 16 

Abstract: 250 words 17 
Introduction: 567 words 18 
Discussion: 1381 words 19 

 20 
The authors declare no competing financial interests. 21 
 22 
Acknowledgements: 23 
This research was supported by the European Research Council (Advanced Grant ERC-2010-24 
AdG_20100407) and the Deutsche Forschungsgemeinschaft (Grant SFB 936 project A06). Authors are 25 
grateful to the University of Minnesota Center for Magnetic Resonance Research for providing the image 26 
reconstruction algorithm for the simultaneous multi-slice acquisitions. We thank Tor D Wager for sharing 27 
the NPS pattern. We also thank Jürgen Finsterbusch, Katrin Bergholz, Kathrin Wendt, Waldemar Schwarz 28 
and Matthias Kerkemeyer for their valuable assistance with data collection. S.F. is grateful to Bjoern 29 
Horing for his help on the NPS analysis, discussions and his comments on the manuscript draft.  30 



 

2  
 

Abstract 31 

The anterior insula has repeatedly been linked to the experience of aversive stimuli such as pain. 32 

Previously, we showed that the anterior insula is involved in the integration of pain intensity and 33 

its prior expectation. However, it is unclear whether this integration occurs by a pain-specific 34 

expectation or a more general expectation of an aversive event. To dissociate these possibilities, 35 

we conducted an experiment using painful stimuli and aversive pictures with three levels of 36 

aversiveness on human male volunteers. Stimuli were preceded by a probabilistic, combined 37 

modality and intensity cue in a full factorial design. Subjective ratings of pain intensity and skin 38 

conductance responses were best explained by a combination of actual pain intensity and 39 

expected pain intensity. In addition, using functional magnetic resonance imaging (fMRI), we 40 

investigated the neuronal implementation of the integration of prior expectation and pain 41 

intensity. Similar to subjective ratings and autonomic responses, the dorsal anterior insula 42 

represented pain intensity and expectations. The ventral anterior insula additionally represented 43 

the absolute difference of the two terms, i.e. the prediction error. The posterior insula only 44 

represented pain intensity. Importantly, the pattern observed in the anterior insula were only 45 

present if the cued modality was correct (i.e. expect pain), in case of an incorrect modality cue 46 

(i.e. expect aversive picture) the ventral anterior insula simply represented pain intensity. The 47 

stimulus expectation and prediction error specificity in the ventral anterior insula indicates the 48 

integration of expectation with painful stimuli in this area. Importantly, this pattern cannot be 49 

explained by aversiveness.  50 

 51 
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Significance Statement 52 

The anterior insula has been shown to integrate pain intensity and their expectation. However, it 53 

is unclear whether this integration is pain-specific or related more generally to an aversive event. 54 

To address this, we combined painful stimuli and aversive pictures with three levels of 55 

aversiveness. The ventral anterior insula represented pain intensity, expectation and their absolute 56 

difference, i.e. the prediction error. Importantly, this pattern was only observed if the cued 57 

modality was correct. In case of an incorrect modality cue this area simply represented pain 58 

intensity. The stimulus expectation and prediction error specificity in the ventral anterior insula 59 

indicates the integration of expectation with painful stimuli in this area. Importantly, this pattern 60 

cannot be explained by aversiveness.   61 
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Introduction  62 

Accurate and fast perception of pain is crucial for an organism to avoid tissue damage. In many 63 

cases sensory cues precede pain and allow the organism to generate an expectation or prediction. 64 

The influence of such expectations on pain perception has been established in basic cued pain 65 

paradigms (Koyama et al., 2005; Keltner et al., 2006; Wiech et al., 2008; Atlas et al., 2010) and 66 

in the context of placebo and nocebo effects (Tracey, 2010; Häuser et al., 2012). It has previously 67 

been speculated that predictive coding, which integrates predictions and violation of predictions 68 

(i.e. prediction errors) could be a suitable mechanism mediating the effect of expectations on pain 69 

(Büchel et al., 2014; Geuter et al., 2017). In this framework, expectations (i.e. predictions) and 70 

the mismatch between these expectations and the sensory inputs (i.e. prediction errors) are 71 

assumed to be combined to minimize future prediction errors by updating the expectations at 72 

multiple levels of the neuronal hierarchy. So far, this framework has mainly been applied to 73 

visual and auditory processing (Rao and Ballard, 1999; Sterzer et al., 2008; Egner et al., 2010; 74 

Okada et al., 2017) and has only recently been extended to pain perception (Geuter et al., 2017). 75 

However, pain is not unimodal but comprises other aspects such as aversiveness, unpleasantness 76 

and salience, which are shared by negative stimuli in other sensory modalities. Therefore, the 77 

observed expectation and prediction error signals in the anterior insula and the intensity 78 

representation in the posterior insula (Geuter et al., 2017) might not be related to pain per se, but 79 

could be related to aversiveness in general. This alternative hypothesis can be tested by adding a 80 

second aversive stimulus modality. Consequently, we adapted our cued pain paradigm (Geuter et 81 

al., 2017) by adding aversive pictures as a second sensory modality. In both modalities, we 82 

presented aversive stimuli at three levels of intensity. Each stimulus was preceded by a combined 83 

modality and intensity cue. Cues and stimuli were combined in a full factorial design with factors 84 
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of cue modality, cue intensity, stimulus modality and stimulus intensity. This design allowed us 85 

to investigate whether expecting an aversive stimulus with a specific intensity only affects the 86 

neuronal activity in response to a stimulus in the cued modality or if this influence also 87 

generalizes to a stimulus in the other modality.  88 

Within the framework of predictive coding, the prediction error represents the “surprise” induced 89 

by a mismatch between the sensory signals encountered and those predicted. If the previously 90 

observed prediction error signal in the anterior insula is related to aversiveness in general, we 91 

should observe such a signal if the cued intensity differs from the perceived intensity, irrespective 92 

of the cued modality, i.e. a prediction error for a high intensity painful stimulus, when a low 93 

intensity aversive picture or a low intensity painful stimulus was expected. On the contrary, if the 94 

anterior insula does not represent aversiveness in general, we should only observe prediction 95 

errors if the intensity cue is incongruent with the experienced intensity, but only if the modality 96 

cue matches, i.e. if a high intensity painful stimulus is perceived, when a low intensity pain 97 

stimulus is cued, but not when a low intensity aversive picture cue has been presented. Therefore, 98 

investigating the modality cue specificity of expectations and prediction errors for pain can 99 

potentially shed light on the characteristic of the pain processing system and a possible 100 

implementation of predictive coding therein. 101 

Material and methods 102 

Participants  103 

Thirty-two healthy human male volunteers (average age: 26 years range: 19–38 years) 104 

successfully participated in the study and were paid as compensation for their participation. 105 

Exclusion criteria were neurological, psychiatric, dermatological diseases, pain conditions, 106 
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current medication or substance abuse. All volunteers gave their informed consent. The study was 107 

approved by the Ethics board of the Hamburg Medical Association.  108 

Stimuli and Task 109 

The stimuli were either thermal or visual stimuli. Thermal stimulation was performed using a 30 110 

× 30mm² Peltier thermode (CHEPS Pathway, Medoc, Israel) at three different intensities: warm 111 

(42°C), medium painful (46°C) and highly painful (48°C) to the left radial forearm at different 112 

skin patches in each experimental block to avoid sensitization. The stimulation pattern was 113 

chosen based on the distribution of average human pain thresholds to have three distinguishable 114 

levels of thermal stimulation. The visual stimuli were pictures chosen from the International 115 

Affective Picture System (IAPS) (Lang et al., 2005) database at three levels of aversiveness. The 116 

classification of IAPS pictures was performed manually to divide the reported valance spectrum 117 

into six separate groups, where three of them were assigned to the training set and the other three 118 

to the fMRI set. The pictures in the fMRI set had three levels of aversiveness  of which the low 119 

aversive category had aversiveness  values of 2.02±0.05 (mean ± standard error), the medium 120 

aversive category had aversiveness  values of 4.06±0.02 (mean ± standard error) and the high 121 

aversive category had aversiveness  values of 5.23±0.01 (mean ± standard error). Prior to each 122 

picture or heat stimulus, a visual cue was presented. The color of the cue (triangle) indicated the 123 

modality of the stimulus (yellow for picture and red for heat). The size of the cue indicated its 124 

intensity (small, medium and large triangle for low, medium and high intensities).  125 

At the beginning of each trial (Figure 1) the cue was presented for 500ms, indicating the modality 126 

and intensity of the following stimulus. The cue validity for the stimulus modality was 70%. Cue 127 

validity with respect to intensity was 60% (for details of all cue stimulus combinations and 128 

frequency see Figure 1F). After a jittered blank period of 300ms to 700ms, volunteers received 129 
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the visual or heat stimulus with a duration of 2 seconds. After stimulus presentation volunteers 130 

had to rate the intensity of the aversiveness of the picture or the heat stimulus within a time 131 

window of two seconds on a 4 point rating scale (1 labeled as “neutral” and 4 as “strong”). A 132 

fixation cross was presented throughout the trial. In addition, we added 4 catch trials to each 133 

block, in which volunteers were asked to report the preceding cue within 8s. No stimulation was 134 

given in these trials. Volunteers were rewarded with 50 cents for a correct answer in each catch 135 

trial. Finally, a variable ITI (2.5 ± 0.5 s) followed each trial, during which only a fixation cross 136 

was displayed.  137 

Procedure  138 

The experiment consisted of two sessions: a behavioral training session and an fMRI session. 139 

Prior to the training session, volunteers were informed about the procedure and gave their written 140 

informed consent. They were informed about the experimental paradigm and the nature of the 141 

cues and the contingencies between the cues and the stimuli to avoid learning effects during the 142 

main fMRI session. The training session contained up to three blocks and was terminated once 143 

volunteers had learned the cue regularities. The termination criterion was defined as detecting 144 

more than 75% catch trials and a significant discrimination (rmANOVA: p<0.05) of the three 145 

levels of pain and aversive picture intensities. The fMRI session consisted of four blocks. Each 146 

block consisted of 130 trials (including four catch trials) and lasted about 15 minutes. The trial 147 

order within each block was pseudo-randomized, and the order of blocks was randomized across 148 

volunteers. During each block, fMRI signal and skin conductance responses were measured. A 149 

high-resolution anatomical image for each volunteer was acquired at the end of the fMRI session. 150 

The whole fMRI experiment lasted for about 2 hours. 151 

Data acquisition 152 
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Functional magnetic resonance imaging (fMRI) data were recorded on a Siemens Trio 3 Tesla 153 

system equipped with a 32-channel head coil (Siemens, Erlangen, Germany). Forty transversal 154 

slices (voxel size 2 x 2 x2 mm, 1 mm inter-slice gap) were obtained within each volume using a 155 

T2*sensitive single-shot echo-planar imaging (EPI) sequence (TR = 1.24 s, TE = 26 ms, flip 156 

angle: 60°, field of view: 220x220 mm) with parallel imaging (GRAPPA, in-plane acceleration 157 

factor 2) (Griswold et al., 2002) and simultaneous multi-slice acquisitions ("multiband", slice 158 

acceleration factor 2) (Feinberg et al., 2010; Moeller et al., 2010; Xu et al., 2013) as described in 159 

(Setsompop et al., 2012). The corresponding image reconstruction algorithm was provided by the 160 

University of Minnesota Center for Magnetic Resonance Research. Slices were tilted about 30° 161 

relative to the AC–PC line to improve coverage in the brainstem. Additionally, T1 weighted 162 

structural images (1x1x1mm resolution) were acquired using an MPRAGE sequence (TR = 2300 163 

ms, TE = 2.98 ms, flip-angle = 9°). Stimulus presentation, response recording and timing relative 164 

to MR data acquisition was done using Psychophysics Toolbox 3 (http://www.psychtoolbox.org). 165 

Skin conductance was recorded using a Biopac EDA100C MRI system (Biopac Systems, Inc., 166 

Goleta, CA, USA), amplified using an analog amplifier (Biopac, MP150, Biopac Systems, Inc., 167 

Goleta, CA, USA) and sampled at 100 Hz using a CED 1401 analog-digital converter 168 

(Cambridge Electronic Design, Cambridge, UK). SCR electrodes were connected to the palm 169 

(thenar and hypothenar eminences) of the left hand. During the study, lights in the MRI room 170 

were dimmed and luminance was kept constant across volunteers.  171 

Data analyses 172 

Skin conductance responses (SCR) 173 

The phasic skin conductance drive locked to the onset of each stimulus was estimated from the 174 

raw skin conductance responses (SCR) in each trial using an established deconvolution method as 175 
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implemented in ledalab (Benedek and Kaernbach, 2010). The resulting phasic responses were 176 

then separately averaged for different conditions within a temporal window from two to five 177 

seconds after stimulus onset for the painful stimuli and within a window from zero to three 178 

seconds for the aversive pictures; which was selected to cover the peak of the averaged SCR 179 

signal in each modality across volunteers.   180 

fMRI data preprocessing 181 

Functional imaging data were analyzed using MATLAB (v2014b, Mathworks) and SPM12 182 

(Wellcome Trust Centre for Neuroimaging, London, UK). The first five volumes of each 183 

functional block were discarded. The remaining images were spatially realigned to correct for 184 

motion artifacts, and were then spatially normalized using DARTEL, a high-dimensional warping 185 

algorithm implemented in SPM (Ashburner, 2007). The functional images were spatially 186 

smoothed using a Gaussian kernel with a full-width-half-maximum of 6 mm. First-level models 187 

included separate regressors using a box-car with a duration of two seconds for each of the thirty-188 

six experimental conditions (6 stimuli (3 levels of pain + 3 levels of aversive images) x 3 189 

intensity cues x 2 modality cues). Additional regressors with a duration of two seconds modeled 190 

the rating period. Another regressor (box-car, duration 9s) modelled the catch trials. In addition, 191 

the model also included six motion parameters estimated during realignment. All regressors were 192 

convolved with a canonical hemodynamic response function as implemented in SPM. The first-193 

level contrast estimates for the eighteen pain conditions were the basis for our computational 194 

models. Model estimation employed a linear mixed-effect model as implemented in MATLAB 195 

(v2014b, Mathworks). Models were estimated for all gray-matter voxels. Gray-matter voxels 196 

were determined using the segmentation routine in SMP12 at the single volunteer level, then 197 

averaged across volunteers, and finally thresholded at an 80% gray matter probability.  198 
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Neurological pain signature analyses (NSP) 199 

The Neurological Pain Signature (NPS) is a multivariate pattern of brain activity with the aim of 200 

distinguishing experimental pain from other conditions (Wager et al., 2013; Krishnan et al., 201 

2016). The NPS response mirrors subjective pain and has been suggested as a surrogate marker 202 

for heat pain intensity (Wager et al., 2013). We computed NPS expression values for each of the 203 

experimental conditions based on the regressors described above separately for each participant 204 

(Wager et al., 2011, 2013; Krishnan et al., 2016). The resulting NPS values were then the basis 205 

for our model comparison. 206 

Region of interest masks and analysis 207 

According to the finding reported by Geuter and colleagues (2017), insular cortex is the area 208 

among pain responsive regions representing expectation and prediction error signals. Based on 209 

these finding, we mainly focused our analysis on the insular cortex and its anatomically defined 210 

subdivisions as defined by the Destrieux atlas (Destrieux et al., 2010; Fischl et al., 2004). Using 211 

insular subdivisions, we tested our four models on the average parameter estimates extracted 212 

from voxels within these ROIs (see below for the detailed model comparison routine). Even 213 

though the insular cortex is the focus of this study because of its key role in the integration of 214 

pain expectation as the internal model, and sensory signals as the physical input (Ostrowsky et 215 

al., 2002; Nieuwenhuys, 2012; Geuter et al., 2017), the processing of nociceptive information is 216 

not limited to the insular cortex. We therefore conducted additional ROI-based analyses in 217 

several other pain-related regions, including the parietal operculum (SII), post-central sulcus (SI), 218 

frontal medial cortex, anterior cingulate (ACC), posterior cingulate (PCC), amygdala, 219 

hippocampus, thalamus, cerebellum and periaqueductal gray (PAG). Anatomical masks were the 220 

same as used by Geuter and colleagues (2017). except for the posterior cingulate (PCC), frontal 221 
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medial cortex, hippocampus and cerebellum, which were generated by thresholding the 222 

probability map of the corresponding areas in the Harvard-Oxford Atlas (Desikan et al., 2006) at 223 

50% probability (https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/Atlases). Similar to insular subdivisions, we 224 

tested our four models on the average parameter estimates from voxels within these masks.  225 

Modeling behavioral, SCR, NPS and voxel-wise fMRI data 226 

Crossing our three levels of stimulus intensity, three levels of intensity cues and two levels of 227 

modality cues resulted in eighteen (3x3x2) different pain conditions, in which nine stimuli were 228 

preceded by a valid modality cue and nine stimuli were preceded by an invalid modality cue. For 229 

these valid and invalid cue conditions, subjective ratings, SCR, NPS and voxel-wise fMRI data 230 

were fitted separately to four different models. All models included a stimulus intensity term. The 231 

first model (intensity model; INT) only contained the stimulus intensity term as the physical 232 

characteristic (intensity) of the stimulus (Figure 1A). The second model (expectation model, 233 

INT+EXP), additionally comprised an expectation term represented by the intensity cue 234 

(Figure1B). The third model (prediction error model, INT+PE), comprised two terms, the 235 

prediction error (i.e. the absolute difference between intensity cue and stimulus intensity) and 236 

stimulus intensity (Figure 1C). This model was inspired by several studies reporting reduced 237 

neuronal activity in response to expected vs. unexpected stimuli (Egner et al., 2010; Jiang et al., 238 

2013). The final full model (INT+EXP+PE) contained both the expectation and the prediction 239 

error term, as well as the intensity term. Conceptually, this model assumes that the response to a 240 

painful stimulus is a weighted sum of its intensity value, the prediction error as well as the 241 

expectation (Figure 1D). This model was inspired by studies showing the existence of both 242 

expectation and prediction error signals in different brain regions (Egner et al., 2010; Geuter et 243 

al., 2017). Prediction errors were coded in absolute differences, motivated by previous studies in 244 
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the visual and auditory system (den Ouden et al., 2010; Todorovic et al., 2011; Todorovic and de 245 

Lange, 2012; Boll et al., 2013; Geuter et al., 2017). Furthermore, in order to account for the 246 

uneven “perceptual distance” between three levels of intensity, we added a second order intensity 247 

term to all models. Model comparisons were performed on behavioral ratings, autonomous (SCR) 248 

data, as well as voxel wise BOLD signals and the NPS score. Model fit and parameter estimation 249 

were conducted using the FITLME function in MATLAB (v2014b, Mathworks). 250 

Model comparison and statistical analysis 251 

To find the best out of four alternative models, we employed a nested-model comparison in a 252 

backward selection fashion. We started with the INT+EXP+PE model as the most comprehensive 253 

model, and compared it to the INT+EXP and INT+PE models using likelihood-ratio tests. The 254 

likelihood-ratio test constructs a test statistic using the log-likelihood objective function evaluated 255 

under the unrestricted model parameter estimates (INT+EXP+PE) and the restricted model 256 

parameter estimates (INT+EXP or INT+PE). The test statistic follows a χ2 distribution with one 257 

degree of freedom. Comparing the unrestricted INT+EXP+PE model to the two alternative 258 

restricted INT+EXP and INT+PE models resulted in two p-values. If both p-values were below 259 

our threshold (e.g. p<0.05), then INT+EXP+PE (unrestricted model) was selected as the best 260 

model. Otherwise the model associated with the biggest p-value was discarded, and the fit to the 261 

other restricted model was compared to the fit to the INT model as the simplest model using 262 

likelihood-ratio test. If the ensuing p-value was below the threshold, then the intermediate model 263 

(in our case either INT+EXP or INT+PE) was the winning model. Otherwise, the INT model as 264 

the simplest model was determined as the best model. In summary, model selection proceeded 265 

according to the following algorithm: 266 

1: fit the data to the full model (INT+EXP+PE)  267 
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2: compare the model to the two simpler models (INT+EXP and INT+ PE). 268 

3: find the largest associated p-value from the previous tests. 269 

>> If the largest p-value is above threshold go to step 4. 270 

>> Otherwise determine the full unrestricted model as the best model and stop. 271 

4: compare the model with smallest associated p-value to the INT model. 272 

>> If the p-value is above threshold, determine the INT model as the best model and stop. 273 

>> Otherwise determine the intermediate unrestricted model as the best model and stop. 274 

 275 

The criteria used to select each model as the winning model is also illustrated in Figure 2. In 276 

addition, we used Bayesian model weights to verify the model comparison results of the 277 

likelihood-ratio test. The Bayesian model weight wM for the model M is given by: 278 

 

where BIC is the Bayesian Information Criterions computed using FITLME function in 279 

MATLAB (v2014b, Mathworks). Each wM is between 0 and 1 and the model with the biggest wM 280 

is the best model. Furthermore, given the computed BIC, the Bayes factor comparing two 281 

alternative model was obtained as: 282 

  283 

Therefore the ratio of any two wM is equal to the corresponding Bayes factor comparing those 284 

models. For behavioral, SCR and NPS data, the p-value threshold was set at 0.01. At the fMRI 285 

voxel level, we employed a region of interest (insula) based correction for multiple comparisons 286 

using false-discovery-rate (FDR) correction at p = 0.05. FDR correction was performed using the 287 
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FDR_BH function in MATLAB (v2014b, Mathworks). Moreover, we also tested for main effects 288 

and interactions across stimulus intensity, intensity cue as well as modality cue using repeated 289 

measures analyses of variance (rmANOVA) as implemented in MATLAB (v2014b, Mathworks). 290 

We also conducted paired t-test, where all tests were two-sided unless otherwise stated. All 291 

statistical tests were conducted in MATLAB (v2014b, Mathworks). 292 

Results 293 

Behavioral results  294 

To validate our intensity manipulation for heat pain and to verify the discriminability between 295 

different levels of pain, we first tested for the main effect of stimulus intensity (Figure 3A). 296 

Results regarding the aversive pictures are beyond the scope of this report, but are depicted in 297 

Figure 3A for the sake of comparison. A repeated measures analysis of variance (rmANOVA), 298 

based on the behavioral data revealed significant effects for the three levels of pain (F(2,62)= 299 

736.4, p=6x10-44, rmANOVA). Similarly, the main effects of intensity cue (F(2,62)= 30.7, 300 

p=5x10-5, rmANOVA) and modality cue (F(1,31)= 10.85, p=0.0025, rmANOVA) were 301 

significant. The two-way-interaction between stimulus intensity and intensity cue (F(4,124)= 302 

7.09, p=3x10-5, rmANOVA) and the interaction between modality cue and intensity cue 303 

(F(2,62)= 11.45, p=0.0001, rmANOVA) were also significant (Table 1). The rmANOVA result 304 

regarding the aversive pictures are summarized in Table 1. 305 

In addition, we fitted the behavioral ratings to our four alternative models (INT, INT+EXP, 306 

INT+PE and INT+EXP+PE). Backward model selection revealed that the INT+EXP model best 307 

explained the data in the conditions with a valid modality cue. In contrast, the INT model best 308 

explained the data in the invalid modality cue conditions. Beside the likelihood-ratio test, BIC 309 
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and Bayesian model weights were computed for each model to validate the consistency of our 310 

model selection routine. Comparing the four models in the valid modality cue conditions based 311 

on their corresponding BIC, INT+EXP+PE model showed the biggest weight (BIC=144.2 and 312 

BICw=0.6), even though the Bayes Factor comparing INT+EXP+PE and INT+EXP model was 313 

BFPC>EXP =1.52, which indicates their difference is not substantial; and as the expectation model 314 

(INT+EXP) has less degree of freedom, it can be determined as the best model describing the 315 

behavioral rating data in the valid modality cue conditions (Lewandowsky and Farrell, 2010). For 316 

the invalid modality cue conditions, again the INT+EXP+PE model had the biggest weight 317 

(BIC=144.2 and BICw=0.29), but there was no substantial difference between INT+EXP+PE 318 

model and the other three models (BFPC>EXP =1.18, BFPC>PE =1.21, BFPC>IC =1.34). Therefore, the 319 

INT model as the simplest model was identified as the best model describing the behavioral 320 

ratings in the invalid modality cue conditions. In summary, both model selection strategies 321 

identified the INT model as the best model describing the behavioral ratings in the invalid 322 

modality cue conditions and the INT+EXP model as the best model for the data in the conditions 323 

with a valid modality cue. 324 

Skin conductance responses (SCR) 325 

Analogous to the behavioral data, the main effects of stimulus intensity (F(2,62)= 53.2, p=3x10-326 

14, rmANOVA), intensity cue (F(2,62)= 8.48, p=0.006, rmANOVA) and modality cue (F(1,31)= 327 

12.71, p=0.001, rmANOVA) were significant. Similar to the ratings, the two-way-interaction 328 

between stimulus intensity and intensity cue (F(4,124)= 12.33, p=2x10-8, rmANOVA) as well as 329 

the interaction between the modality cue and the intensity cue (F(2,62)= 8.4, p=0.0006, 330 

rmANOVA) were significant (Table 1 and Figure 3B). The best model describing the SCR data 331 

was identified using likelihood-ratio test in both valid and invalid modality cue conditions. As in 332 



 

16  
 

the behavioral ratings, INT+EXP was the winning model in explaining the SCR data in the valid 333 

cue conditions. The INT model was the best model in the invalid modality cue conditions. This 334 

result was verified using Bayesian model weights for the model comparisons for the valid and 335 

invalid modality cue conditions. For valid modality cue conditions the INT+EXP model had the 336 

biggest BICw of 0.78, while the BICw of INT+EXP+PE model was 0.21, the BICw of INT+PE 337 

model was 4x10-04 and the INT model had a BICw of 0.002. For the invalid modality cue 338 

conditions INT+PE had the biggest BICw of 0.47 which was only 1.25 times bigger than the 339 

BICw of the INT model with the value of 0.37. INT+EXP+PE and INT+EXP models had BICws 340 

of 0.08 and 0.06, respectively. Therefore, the INT model can be considered as the best model in 341 

the invalid modality cue conditions.  342 

fMRI data 343 

In a first step we analyzed fMRI data from all conditions using the neurological pain signature 344 

(NPS) (Wager et al., 2013). For the NPS data, a repeated measures analysis of variance 345 

(rmANOVA) showed a significant effects for the three levels of pain (F(2,62)= 122.65, p=3x10-346 

22, rmANOVA). Neither the main effect of intensity cue nor modality cue were significant. The 347 

two-way interaction between modality cue and intensity cue were significant (F(2,62)= 5.1, 348 

p=0.008, rmANOVA), however the other two-way interactions were not significant (Figure 3C 349 

and Table 1). As for the behavioral data, we fitted the NPS derived scores to all our four models. 350 

Analogous to the behavioral ratings, the INT+EXP model best explained the data for the valid 351 

modality cue conditions using hierarchical model comparison based on the likelihood-ratio test. 352 

In the invalid modality cue conditions, the INT model was best in explaining the NPS data based 353 

on the nested likelihood-ratio test. This was confirmed by Bayesian model weights in the valid 354 

and invalid modality cue conditions. The INT+EXP model had the biggest BICw of 0.88 (with 355 

the Bayes Factor of 14.83 compared to the INT+EXP+PE model as the second wining model) for 356 
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valid modality cue conditions. The Bayesian model weights for INT+EXP+PE, INT+PE and INT 357 

model were 0.06, 0.004 and 0.05 respectively. In the invalid modality cue conditions the INT 358 

model had the biggest BICw of 0.89 (with the Bayes Factor of 16.15 compared to the INT+PE 359 

model as the second wining model). The other alternative models of INT+EXP+PE, INT+EXP 360 

and INT+PE had the BICw of 0.003, 0.053 and 0.055 respectively. As control we also tested the 361 

NPS on picture stimuli (Table 1 and Figure 3C).  362 

We next investigated the response patterns of voxels in subregions of insular cortex according to 363 

a surface atlas (Destrieux et al., 2010; Fischl et al., 2004). Regions in this atlas are defined 364 

according to sulcal depth (Destrieux et al., 2010; Fischl et al., 2004). To obtain an intuitive 365 

visualization of the cortical representation for each model, we color coded surface vertices 366 

according to the best explanatory model (four different colors) on the inflated cortical surface. As 367 

shown in Figure 4, the spatial distribution of the insular subregions according to this atlas closely 368 

resembled the distribution of the winning models. Activity patterns in the anterior division of the 369 

circular insula (ventral part of anterior Insula) were best explained by INT+EXP+PE model, 370 

activity patterns in the superior division of the circular insula (dorsal part of anterior Insula) were 371 

best explained by the INT+EXP model and the inferior division of the circular insula showed 372 

activation patterns compatible with the INT model. To verify this, we averaged the contrast 373 

estimates in each anatomical subregion of the insula and performed a formal model comparison 374 

on this average activation pattern. For the valid modality cue conditions, the INT+EXP+PE 375 

model best accounted for the fMRI pattern in the anterior division of circular insula, the 376 

INT+EXP model best described the response pattern in the superior division of circular insula 377 

and the INT model was the best model explaining fMRI activation patterns in the inferior 378 

division of circular insula (insert graphs in Figure 4). For all invalid modality cue conditions, the 379 

INT model was the best model across all insular subdivisions. We also compared the individual 380 
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contribution of the expectation and the prediction error terms in voxels best explained by the 381 

INT+EXP+PE model within the insula. For this purpose, we mapped the corresponding 382 

parameter estimates within the insular cortex on the inflated cortical surfaces (Figure 5A-B). This 383 

analysis revealed that the prediction error parameter estimate and the expectation parameter 384 

estimate are not significantly different in both hemispheres. We also observed that the 385 

expectation weight was not significantly different in INT+EXP representative cluster compared 386 

to INT+EXP+PE voxels in both hemispheres (Figure 5C).  387 

In an exploratory fashion, we also performed formal model comparisons with the threshold of 388 

0.01 outside the insular ROI (Figure 6) on the surface and in all voxels including subcortical 389 

areas. Here we additionally observed groups of voxels representing the INT+EXP model as the 390 

best model in the ACC, but only in valid modality cue conditions (Figure 6A). Among the sub-391 

cortical areas, the periaqueductal gray showed activation patterns which were best explained by 392 

the INT+EXP model (Figure 6C). As in cortical regions this was only true if the modality cue 393 

was valid. Otherwise intensity coding was identified as the best model (Figure 6B-C).  394 

In an explorative fashion, we also examined the averaged parameter estimates in other pain-395 

related anatomically defined regions of interest (ROIs) for the valid modality cue conditions. 396 

Based on a rmANOVA, we found a significant main effect of stimulus intensity in all ROIs 397 

including ACC, PCC, parietal operculum, post central, frontal medial cortex, hippocampus, 398 

amygdala, thalamus, cerebellum, as well as the PAG (detailed results are presented in Table 2). 399 

Moreover, among all ROIs, a significant main effect of cue intensity was observed in the PAG 400 

(F(2,62)= 3.88, p=0.02, rmANOVA). The two-way interaction between modality cue and 401 

intensity cue was significant in the ACC (LH: F(2,62)= 4.62, p=0.01; RH: F(2,62)= 4.63, p=0.01, 402 

rmANOVA). With regards to model selection, we used condition-specific parameter estimates for 403 
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each voxel and subjected those parameter estimates to our formal model comparison. As for the 404 

behavioral data, the model best explaining the data was identified using hierarchical likelihood-405 

ratio tests. The INT+EXP model was determined as the best model (see Figure 7 and Table 3 for 406 

detailed results) in the ACC and PAG. In all other regions, the INT model was the winning 407 

model.  408 

Discussion  409 

Our data shows a clear discriminability of different levels of pain intensity based on behavioral 410 

ratings, autonomic measures and a neural compound marker (NPS). Furthermore, we observed a 411 

strong effect of the intensity cue on pain perception in agreement with previous findings 412 

(Koyama et al., 2005; Keltner et al., 2006; Atlas et al., 2010; Atlas and Wager, 2012; Wiech, 413 

2016). Using computational modelling, activity patterns in the posterior insula were best 414 

explained by pure intensity coding, whereas activity in the dorsal anterior insula (dAI) was best 415 

explained by a model comprising the expected intensity. Finally, activity in the ventral anterior 416 

insula (vAI) was best explained by a model comprising stimulus intensity, cued intensity and the 417 

prediction error, i.e. the difference between perceived and cued intensity (Geuter et al., 2017). 418 

Finally, we observed a significant two-way interaction between modality cue and intensity cue 419 

indicating a modality specific effect of expectation (Langner et al., 2011). Using formal 420 

modeling, we could reveal that the contribution of expectation in dAI and expectation plus 421 

prediction errors in vAI were only present for valid modality cues. In cases of an invalid modality 422 

cue, insular regions all showed simple intensity coding patterns. 423 

Insular cortex  424 
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The insular cortex is crucial for pain processing (Ostrowsky et al., 2002); and reviewed by 425 

Nieuwenhuys (2012). It is ideally suited to represent pain intensity and related features because 426 

of its structural and functional organization (Barrett and Simmons, 2015; Nomi et al., 2017). 427 

While the traditional assumption (Cerliani et al., 2012; Cloutman et al., 2012; Jakab et al., 2012; 428 

Dennis et al., 2014) refers to an anterior-posterior dichotomy within insular cortex, more recent 429 

neuroimaging studies suggest a tripartite organization (Deen et al., 2011; Nomi et al., 2017).  430 

In this tripartite organization, the posterior insula (PI) with its direct spinothalamocortical 431 

projections (originating in lamina I dorsal horn neurons) (Craig, 2002; Dum et al., 2009) as well 432 

as its intense connectivity to the somatosensory cortices (Wiech et al., 2014) makes it an ideal 433 

candidate for encoding the intensity of nociceptive thermal stimuli. Such sensory coding within 434 

the PI has previously been observed for both tonic and phasic pain (Segerdahl et al., 2015; Geuter 435 

et al., 2017) and even innocuous thermal stimuli (Davis et al., 1998). Our observation of a pure 436 

intensity coding pattern in the posterior insula confirms these findings.  437 

The dorsal anterior insula (dAI) is functionally connected to a cognitive control network 438 

(Dosenbach et al., 2007), and has stronger connections to posterior regions of the cingulate cortex 439 

(Taylor et al., 2009). Therefore, the dAI is presumably involved in expectation and attentional 440 

mechanisms (Deen et al., 2011). Moreover, the dAI as a part of cortical limbic areas with an 441 

agranular laminar structure is considered to encode expectation signals (Barrett and Simmons, 442 

2015; Chanes and Barrett, 2016). This is in accordance with our findings showing a 443 

representation of stimulus intensity and expectation (INT+EXP model) in the dAI. Previous 444 

studies have also identified a role of this area in pre-stimulus effects and attentional modulation 445 

(Ploner et al., 2010; Wiech et al., 2010).  446 
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In contrast, the ventral anterior insula (vAI) exhibits strong connectivity to the posterior insula, 447 

anterior cingulate cortex (ACC), thalamus, amygdala and basal ganglia, which are also 448 

contributing to pain processing (Dupont et al., 2003; Baliki et al., 2009; Mutschler et al., 2009; 449 

Uddin et al., 2014). Such an strong connections of the vAI to these limbic structures, makes it an 450 

ideal mediator between areas representing pain intensity and expectation to evaluate the 451 

expectation against the sensory input and estimating a prediction error (Downar et al., 2002; 452 

Seymour et al., 2004; Geuter et al., 2017). Our observed representation of stimulus intensity, 453 

expectation and prediction error (INT+EXP+PE model) in the vAI is in agreement with these 454 

findings.  455 

Expectation and prediction error in the valid modality 456 

Predictions and prediction errors are key ingredients for perceptual theories such as predictive 457 

coding (Knill and Pouget, 2004) and theories of brain function such as the free energy model 458 

including active inference (Knill and Pouget, 2004; Friston, 2005, 2008). In the predictive coding 459 

framework, the brain is relying on its internal model of the physical reality, but tries to make it an 460 

adequate model by updating it based on the incoming data. Consequently, the integration of 461 

“prediction errors” into this model will change it over time to better reflect the physical reality. 462 

These concepts can account for extra-classical-receptive-field effects (Rao and Ballard, 1999), 463 

repetition suppression (Summerfield et al., 2008; Todorovic and de Lange, 2012), illusory 464 

contours formation (Dura-Bernal et al., 2011) and mismatch negativity (Ylinen et al., 2016). Such 465 

a mechanism was also proposed as a model to account for expectation effects in pain (Geuter et 466 

al., 2017) and placebo hypoalgesia (Büchel et al., 2014; Grahl et al., 2018). According to 467 

predictive coding in the case of pain, we hypothesize the presence of sensory specific 468 

representations of the expectation and prediction error terms at the hierarchical level where the 469 
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intensity of pain is encoded similar to other modalities (Rao and Ballard, 1999; Friston, 2005). 470 

Crucially, this predicts that these representations are restricted to the case in which the modality 471 

cue is valid. As our second stimulus category comprised aversive pictures, this allows to test 472 

whether aversiveness, which is shared by pain and picture stimuli can account for insula 473 

activation.  474 

Importantly, our data shows that the prediction error signal in the anterior insula is not generally 475 

related to aversiveness, which is shared by the pictures and the painful stimuli, but is limited to 476 

the pain expectation. This is indicated by the fact that we could only observe the “expectation” 477 

effect in the valid modality cue conditions. In case the modality cue was invalid, i.e. when 478 

volunteers expected an aversive picture but received pain, the intensity cue had no effect on the 479 

response patterns in the insula. In other words, an expectation which shares an aversiveness 480 

component (i.e. aversive pictures) is not encoded in these areas. This is further corroborated by 481 

the absence of a prediction error in the insula in this case. As a consequence, our data suggest a 482 

more specific role for the vAI, representing expectations and prediction errors related to pain. 483 

This indicates that this area is part of the hierarchy where pain intensity integration occurs and 484 

can be seen in analogy to other stimulus modalities, in which feature-selective predictive coding 485 

within the fusiform face area in response to faces, and within the parahippocampal place area in 486 

response to houses (den Ouden et al., 2010; Egner et al., 2010; Jiang et al., 2013) has been 487 

shown. Moreover, the observed functional dissociation between insular subregions resonates with 488 

previous accounts of insular subspecialization for different features of aversive stimuli (Baliki et 489 

al., 2009; Deen et al., 2011; Nomi et al., 2017). 490 

Signed vs unsigned prediction errors 491 
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Prediction errors could either be represented as absolute deviations (i.e. absolute deviation of 492 

outcome from expectation) or signed deviations (i.e. more or less pain than expected).  493 

Unfortunately, due to the design of our experiment, distinguishing between unsigned and signed 494 

prediction errors cannot be dissociated in our model. Our data indicates the representation of 495 

unsigned prediction error in the anterior insula. Similar observations of unsigned prediction errors 496 

have been made in the anterior insula, amygdala, visual and auditory cortices (den Ouden et al., 497 

2009, 2010; Todorovic et al., 2011; Todorovic and de Lange, 2012; Boll et al., 2013; Geuter et 498 

al., 2017). Unlike the signed prediction error which can be used to guide approach and avoidance 499 

behavior, this types of error (i.e. absolute prediction error) determines the captured attention, 500 

which is related to stimulus saliency rather than its actual value (Kahnt et al., 2014). 501 

Conclusion 502 

In summary, the ventral anterior insula exhibits all features necessary for the implementation of a 503 

predictive coding type integration of pain. Importantly, the functional organization revealed by 504 

our model comparison is remarkably similar to the structurally defined tripartite organization of 505 

the insular cortex (Destrieux et al., 2010; Fischl et al., 2004). Our results corroborate the 506 

previously observed gradient from stimulus intensity coding to perceptual coding from posterior 507 

to anterior insula (Geuter et al., 2017). This might also reflect a gradient from nociception to 508 

pain; where somatosensory information from posterior somatosensory regions are more and more 509 

integrated with cognitive factors such as expectation, which finally allows the estimation of 510 

prediction errors in the anterior insula.    511 
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Figure 1. Experimental design and predicted response patterns for INT, INT+EXP, INT+PE and INT+EXP+PE models. (A) In 683 

the INT model the response to the stimulus is only driven by its intensity. (B) In INT+EXP model the stimulus response is the 684 

weighted sum of the stimulus intensity (left panel) and the stimulus expectation (middle panel). (C) In the INT+PE model the 685 

stimulus response is the weighted sum of the stimulus intensity (left panel) and the stimulus prediction error (middle panel). (D) 686 

For the INT+EXP+PE model, the stimulus response is the weighted sum of the stimulus intensity (left panel), the stimulus 687 

expectation (second from left) and the prediction error (third from left panel). Examples shown here assume an equal contribution 688 

of the expectation and the prediction error signals to the stimulus response (right panel). Different contributions of the expectation 689 

or prediction error can lead to a different pattern for the stimulus response. (E) Trial structure: At the beginning of each trial a 690 

central cue indicated the probability of the intensity and the modality of the upcoming stimulus. Then after a blank screen with 691 

variable duration volunteers received the stimulus (2 s), followed by the rating (2 s). The inter-trial-intervals were randomly 692 

jittered between 2 and 3 s. Volunteers were asked to fixate a central-fixation-dot (except for the rating duration). (F) Table 693 

illustrating the cue –stimulus contingencies. 694 

 695 

Figure 2. Flowchart of the model selection procedure. (A) The EXP+PE+INT model will be considered the winning model if the 696 

associated p-values of the likelihood ratio tests are smaller than 0.05. (B) The EXP+INT is considered the best model, if the p-697 

value for the likelihood ratio test of EXP+PE+INT against PE+INT is smaller than 0.05, but the p-value for EXP+PE+INT versus 698 

EXP+INT is bigger than 0.05. (C) The PE +INT model is considered the best model, if the p-value for the likelihood ratio test of 699 

EXP+PE+INT versus EXP+INT is smaller than 0.05, and the p-value for EXP+PE+INT versus EXP+INT is bigger than 0.05. (D) 700 

If both p-values of the likelihood ratio tests are bigger than 0.05, the INT model is considered the best model.  701 

 702 

Figure 3. Behavioral, autonomous responses and neurological pain signature (NPS) to thermal pain and aversive pictures. (A) 703 

Color bars indicate the subjective ratings of warm (38°), med-painful (46°) and highly-painful (48°) stimuli (left) and subjective 704 

ratings for aversiveness of IAPS pictures (right). (B) Skin conductance responses (SCR) to the pain and aversive pictures (C) 705 

Neurological pain signature (NPS) responses to painful stimuli and aversive pictures. Error bars represent standard error of the 706 

mean across volunteers. 707 

 708 

Figure 4. Voxel-wise representation of the best model explaining responses to thermal pain within insular cortex. (A) Contrast 709 

estimates were fitted to four alternative models of INT, INT+EXP, INT+PE and INT+EXP+PE (valid modality cue). The 710 

INT+EXP+PE model (red) best explains the data in the anterior division of the circular insula (ventral anterior insula). Color 711 
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coding is based on likelihood-ratio test model comparison (FDR corrected, q<0.05, q-values are the adjusted p-values found using 712 

an optimized FDR approach in voxels within insula). The INT+EXP model (yellow) best explains the fMRI data in the superior 713 

division of the circular insula (dorsal anterior insula). Within the inferior division of circular insula the INT model (blue) is the 714 

winning model. (B) When the modality cue was invalid, the contrast estimates were best explained by the INT model (blue) in all 715 

regions. Error bars represent the standard error of the mean across volunteers.  716 

 717 

Figure 5. Voxel-wise map of the respective weights of the individual components of the INT+EXP+PE and INT+EXP models 718 

within insular cortex for the valid modality cue conditions. (A) Weights for the expectation term are plotted for all INT+EXP+PE 719 

representative voxels in insular cortex (i.e. red voxels in Figure 4). The bar graph depicts the average of the expectation weight 720 

within voxels best explained by the INT+EXP+PE model. Error bars represent standard error of the mean across volunteers. (B) 721 

voxel-wise map for the weight of the prediction error term as well as its average for all voxels best explained by the 722 

INT+EXP+PE model. (C) Map of the expectation term and its average across voxels best explained by the INT+EXP model (i.e. 723 

yellow voxels in Figure 4). 724 

 725 

Figure 6. Color map indicating the best model for each voxel at an uncorrected threshold of 0.01 projected on flattened cortex and 726 

inflated brain surfaces. (A) In addition to the insular clusters depicted in Figure 4, an INT+EXP cluster is also evident within the 727 

ACC and visual cortex. There is also a small cluster of the INT+PE model within the cingulate cortex (green). (B) For the invalid 728 

modality cue the INT model is the best model across all pain responsive areas. (C) Color coded model selection for subcortical 729 

areas. In parts of the PAG the INT+EXP model best described the data. For the invalid modality cue, the INT model best explains 730 

PAG responses.  731 

 732 

Figure 7. Parameter estimates of regions of interest (ROIs). Mean of the parameter estimates (± standard-error) at three pain 733 

intensities of high, medium and low in different intensity cue conditions for valid modality cue trials are plotted for left (LH) and 734 

right (RH) hemispheres (except for the midline periaqueductal gray (PAG)) in each region of interest. The fit of the parameter 735 

estimates to the best model among the four nested models is also depicted. In the ACC and PAG the best model was determined 736 

as the INT+EXP model. Otherwise, the INT model was the best explanatory model. Bayesian model weights (BICw) for all 737 

different models are illustrated in each ROI. Error bars depict the standard error of the mean across the volunteers. 738 

  739 
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Table 1. Main effect of stimulus intensity, intensity cue, modality cue as well as their corresponding two and three-ways 740 

interactions are depicted for subjective ratings, SCR and NPS in both pain and picture conditions. Abbreviations: mod. cue = 741 

modality cue, int. cue = intensity cue and stim.int = stimulus intensity. 742 

 743 

Table 2. Main effect of stimulus intensity, intensity cue, modality cue as well as their corresponding two and three-ways 744 

interactions are depicted for all regions of interests including the parietal operculum (SII), post-central sulcus (SI), frontal medial 745 

cortex, anterior cingulate (ACC), posterior cingulate (PCC), amygdala, hippocampus, thalamus, cerebellum and periaqueductal 746 

gray (PAG). The main effect of stimulus intensity was significant in all ROIs. A significant main effect of cue intensity was only 747 

observed in the PAG. The only significant two-way interaction between modality cue and intensity cue was identified in the ACC. 748 

Abbreviations: mod. cue = modality cue, int. cue = intensity cue, stim.int = stimulus intensity, pr. = parietal, frnt-med-cortex = 749 

frontal medial cortex. 750 

 751 

Table 3. Bayesian model weights for all regions of interests including the parietal operculum (SII), post-central sulcus (SI), 752 

frontal medial cortex, anterior cingulate cortex (ACC), posterior cingulate cortex (PCC), amygdala, hippocampus, thalamus, 753 

cerebellum and periaqueductal gray (PAG). In all ROIs except for the ACC and PAG the INT model was the winning model. In 754 

those regions the best model was determined as the INT+EXP model. Abbreviations: pr. = parietal, frnt-med-cortex = frontal 755 

medial cortex. 756 

 757 
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ANOVA results for ratings, SCR and NPS 

 

 

mod.cue int.cue stim.int. mod.cue x int.cue mod.cue x stim-
int 

int.cue x stim.int mod.cue x int.cue x    
stim.int 

pain F(1,31) p F(2,62) p F(2,62) p F(2,62) p F(2,62) p F(4,124) p F(4,124) p 

ratings 10.85 2.e-3 30.7 5.e-5 736.4 6.e-44 11.4 1.e-4 4.91 0.01 7.09 3.e-5 1.79 0.13 

SCR 12.71 1.e-3 8.48 6.e-4 53.2 3.e-14 8.43 6.e-4 1.4 0.25 12.33 2.e-8 2.44 0.049 

NPS 1.88 0.18 2.09 0.13 122.65 3.e-22 5.1 0.008 1.97 0.14 1.68 0.15 2.54 0.04 

pictures F(1,31) p F(2,62) p F(2,62) p F(2,62) p F(2,62) p F(4,124) p F(4,124) p 

ratings 0.57 0.45 6.73 0.002 794.6 6.e-45 0.14 0.86 0.87 0.42 3.37 0.01 0.84 0.49 

SCR 75.29 8.e-10 3.89 0.02 1.46 0.23 7.21 0.001 0.34 0.7 8.2 6.e-6 4.32 0.002 

NPS 3.41 0.07 0.4 0.67 8.19 7.e-4 2.2 0.11 0.33 0.71 1.44 0.22 1.44 0.22 
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ANOVA results for brain regions of interests 

 
 

 mod.cue int.cue stim.int. mod.cue 
x int.cue 

mod.cue x 
stim.int 

int.cue x 
stim-int 

mod.cue x int.cue 
x stim.int 

region  F(1,31) p F(2,62) p F(2,62) P F(2,62) p F(2,62) p F(4,124) p F(4,124) p 

ACC L 0.003 0.95 2.25 0.11 31.32 3.e-10 4.62 0.01 0.01 0.98 2.34 0.05 3.01 0.02 

 R 0.03 0.85 2.15 0.12 29.14 1.e-9 4.63 0.01 0.02 0.97 2.16 0.07 2.93 0.02 

PCC L 4.01 0.05 0.56 0.57 13.7 1.e-5 3.2 0.05 0.02 0.98 2.36 0.06 2.42 0.05 
 R 2.61 0.12 0.32 0.72 12.82 2.e-5 2.55 0.08 0.05 0.95 1.99 0.1 2.13 0.08 

pr.operculum L 3.56 0.06 1.39 0.25 26.78 4.e-9 1.36 0.26 1.68 0.19 1.12 0.34 4.15 0.003 
 R 0.82 0.36 1.09 0.37 47.09 3.e-13 1.39 0.25 1.5 0.23 1.16 0.33 2.24 0.06 

Post central L 0.37 0.54 1.86 0.16 28.97 1.e-9 0.32 0.72 1.15 0.32 2.86 0.02 2.43 0.05 

 R 1.e-4 0.99 1.37 0.26 24.15 1.e-8 0.58 0.55 0.09 0.9 1.6 0.17 2.06 0.08 

frnt-med-
cortex 

L 0.02 0.88 1.17 0.31 5.54 0.006 1.94 0.15 0.21 0.81 2.05 0.09 2.4 0.05 

R 0.49 0.49 1.22 0.3 7.78 0.001 2.02 0.14 0.05 0.94 1.55 0.19 2.53 0.04 

hippocampus L 0.43 0.51 1.71 0.18 4.09 0.02 1.59 0.21 0.43 0.65 1.74 0.14 2.17 0.07 
 R 0.01 0.92 0.68 0.51 5.08 0.009 1.01 0.37 0.65 0.52 1.59 0.18 2.25 0.06 

Amygdala 
 

L 0.1 0.75 0.39 0.67 6.77 0.002 1.72 0.18 0.52 0.59 0.75 0.55 1.51 0.2 
R 0.67 0.41 0.75 0.47 8.98 3.e-4 0.94 0.39 0.32 0.72 0.99 0.14 1.87 0.11 

thalamus L 2.5 0.12 1.37 0.26 34.31 9.e-9 1.74 0.18 0.44 0.64 1.34 0.25 4.54 0.001 
 R 1.13 0.29 2.07 0.13 37.49 2.e-11 1.62 0.2 0.1 0.9 1.39 0.23 4.23 0.003 

cerebellum L 4.52 0.51 2.11 0.19 16.73 1.e-6 1.39 0.26 0.25 0.78 2.27 0.06 3.71 0.007 
 R 1.17 0.29 1.87 0.16 19.11 3.e-7 1.68 0.19 0.06 0.94 2.00 0.1 2.92 0.2 

PAG  2.36 0.13 3.88 0.02 14.88 5.e-6 0.24 0.78 0.26 0.78 2.53 0.04 3.82 0.005 
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Bayesian model weights for brain regions of interests 

region INT+EXP+PE INT+EXP INT+PE INT 

ACC L 0.04 0.71 0.01 0.23 

R 0.04 0.78 0.009 0.15 

PCC L 0.01 0.18 0.05 0.75 

R 0.02 0.32 0.04 0.61 

pr.operculum 

 

L 0.004 0.07 0.05 0.87 

R 0.004 0.06 0.05 0.87 

Post central 

 

L 0.03 0.56 0.02 0.38 

R 0.007 0.12 0.04 0.81 

Frnt-med-
cortex 

L 0.007 0.09 0.06 0.83 

R 0.004 0.07 0.06 0.87 

hippocampus 

 

L 0.003 0.06 0.05 0.89 

R 0.003 0.05 0.05 0.89 

Amygdala 

 

L 0.006 0.10 0.04 0.83 

R 0.005 0.08 0.05 0.85 

thalamus L 0.04 0.54 0.03 0.37 

R 0.05 0.57 0.03 0.34 

cerebellum L 0.03 0.43 0.03 0.5 

R 0.04 0.57 0.02 0.37 

PAG  0.06 0.85 0.005 0.07 

 

 


